Abstract A methodology to analyse electrochemical impedance spectroscopy (EIS) data for the study of microbiologically induced corrosion is proposed. The proposed methodology is based on the loss tangent behaviour of EIS spectra for sterile and bacteria-inoculated environments. Loss tangent parameters were obtained by fitting the EIS data to the Cole-Cole dispersion model using a genetic algorithm. Two electrochemical cells were implemented to expose carbon steel probes to sterile and inoculated media for two bacteria consortia, acid-producing bacteria (APB) and sulphatereducing bacteria (SRB). The APB tests were exposed for 96 h and the SRB tests for 144 h. A microbial count was carried out during each experiment. The EIS spectra were measured during exposure for sterile and inoculated media. The spectra were fitted to a multi Cole-Cole dispersion model, and loss tangent parameters were obtained.
Introduction
The formation of biofilms on materials is a common phenomenon that can originate deterioration in a short period of time [1] . Biofilms consist of microbial cells, cellular metabolites, polymeric substances and various corrosion products [2] . Among their detrimental aspects, biofilms cause substantial changes in areas adjacent to the metal and generate strongly aggressive conditions that can accelerate the material's deterioration [3] .
Steel corrosion due to microbiological agents has a negative financial impact on the oil industry [4] . Losses may be minimised by the early detection of biofilm formation, which allows the swift application of appropriate measures to mitigate the microbiological processes associated with corrosion, e.g. the use of biocides. The most important agents associated with microbiologically induced corrosion (MIC) are acidproducing bacteria (APB), sulphate-reducing bacteria (SRB), metal-reducing bacteria (MRB), metal-depositing bacteria (MDB) and slime-producing bacteria (SPB) [5] .
An important effect produced by bacteria upon the steel surface is a change in electrical properties [6] , which can be studied using electrochemical impedance spectroscopy (EIS) [7, 8] . However, in order to upgrade MIC monitoring using the EIS method, it is necessary to improve the processing of the gathered experimental data in order to extract the parameters which indicate that biofilm formation is occurring. A general procedure for processing and analysing EIS data in electrochemical studies is by the use of an electrical equivalent circuit (EEC). Another procedure that provides more accurate parameters and allows a better EEC model to be chosen is to use the Cole-Cole (CC) model [9] [10] [11] .
The CC model is a semi-empirical approach widely used in EIS, permittivity and electrical impedance studies [11] . It is referred to in the literature as the symmetrically dispersed CC approach [12] [13] [14] . The one time-constant CC dispersion model can be expressed by Eq. (1): and the multi time-constant CC dispersion model by Eq. (2):
where, in Eq. (1), Q ∞ is the impedance at high frequency, ΔQ is the difference Q 0 −Q ∞ (where Q 0 is the impedance at low frequency), j 2 =(−1), ω is the angular frequency, τ is the mean time constant and 0≤α ≤1 is a dimensionless parameter associated with the heterogeneity of the medium. In Eq. (2) , N is the number of dispersions,
ΔQ λ is the impedance at low frequency, τ λ is the mean time constant for the λ th dispersion and 0≤α λ ≤1 is the dimensionless parameter associated with the heterogeneity of the medium.
To use the EEC or CC model to process EIS data, a good numerical optimisation methodology should be selected. In this sense, a complex non-linear least squares (CNLS) procedure centred on minimising the objective function (OF) with respect to the Q parameters of the model function, Z (ω, Q) is frequently used:
where n is the number of data points; W k R and W k I are the values of the weights associated with the real and imaginary parts, respectively, of the impedance of the kth experimental value; Z exp and Z sim are the experimental and fitted electrical impedance data, respectively; real{Z} and imag{Z} are the real (Z′) and imaginary (Z″ ) parts of electrical impedance, respectively; ω k is the kth angular frequency data point; and Q is the set of M free and/or fixed parameters present in the simulated model. Good choices for the weights are [11] as follows:
In order to find the Q parameters, a set of starting values, Q (0) , are requested. To avoid convergence to a secondary minimum or worse, Q (0) starting values should be quite close to the optimal values. The Levenberg-Marquardt (LM) algorithm has been widely used to minimise the OF with respect to the parameters present in the simulated model function [15, 16] . The LM method is a compromise between the GaussNewton (GN) method and the steepest gradient descent method and is most useful when the parameter estimates are highly correlated, as is the case in the analysis of impedance data [17, 18] . However, some researchers have preferred fitting routines based on the Nelder-Mead (NM) algorithm [19] , also known as the Simplex Routine [20, 21] , which places no restrictions on the initial parameter values. The main problem with the Simplex Routine is that a local minimum is often encountered. Hence, frequent restarts of the procedure are needed to find the absolute minimum value in the OF.
Other optimisation methodologies to analyse EIS data are based on the genetic algorithm (GA) [17, 22, 23] . Yang et al. have shown that a GA procedure is highly efficient in automatically establishing EEC parameters [17] . The major drawback is that the EEC, or complete transfer function, must be known beforehand. Using the EEC approach, this can be achieved by the deconvolution/subtraction procedure [24] .
The aim of this paper is to assess the steel corrosion rate induced by APB and SRB using a concentric ring monitoring device to yield electrical impedance data that is numerically processed. This is achieved in three steps: firstly, a methodology based on the analysis of the multi time-constant CC dispersion model is proposed; secondly, experimental setup and results are presented; and finally, numerical experimental data are processed with the proposed methodology.
Methods and materials

Fitting methodology
To fit the impedance data to the one time-constant CC dispersion model, Eq. (1), a CNLS minimisation algorithm could be chosen [11] . However, the fitting algorithm used in the Eq. (1) model, such as the Miranda-Lopez algorithm [25] , is not accurate when it is used to fit the experimental data to Eq. (2). To solve this problem, an algorithm to fit the impedance data to the multi time-constant CC dispersion model, Eq. (2), based on a complex non-linear root-mean-square error (RMSE) minimisation, is proposed. An advantage of the proposed algorithm is the easy way to obtain reasonable starting parameters. The algorithm is evaluated with two optimisation methodologies, LM and GA, and two objective functions (OF 1 and OF 2 ) are tested, complex electrical impedance (see Eq. (23)) and complex impedance plus loss tangent (see Eq. (24)), respectively.
One and multi time-constant CC dispersion models have been used in order to describe the methodology proposed to assess MIC information from EIS data. The loss tangent, tan(δ), is a variable that graphically describes a good relation between EIS and MIC because it exhibits well-defined peaks, as is shown in this paper. The loss tangent is defined as:
For the one time-constant CC dispersion model, Eq. (1), the loss tangent is:
If we define an auxiliary parameter (η ), Eq. (6):
the loss tangent may be rewritten as:
Then, the loss tangent depends upon the parameter η and does not depend explicitly upon the parameters ΔQ and Q ∞ . Other important aspects in the use of the loss tangent for the one time-constant CC dispersion model are the determination of its peak, Eq. (8):
and its maximum (γ), Eq. (9):
Furthermore, a generalisation of the one time-constant CC dispersion model is the multi time-constant CC dispersion model described by Eq. (2). In this case, there are some differences from the one time-constant CC dispersion model: firstly, the existence of more than one relaxation time, α λ and ΔQ λ ; secondly, the initial approximation implies the estimation of more than four parameters; and thirdly, the number of search parameters depends upon the number of dispersions (N ).
Starting parameters
The above description may be used to obtain starting parameters for the fitting of the CC dispersion model, assuming (ω k , Z k ), k =1, 2,…, n +1; ω 1 <ω 2 <…<ω n +1 ; N dispersions; and λ = 1, 2,…, N . Then, the first approximation for the multi time-constant CC dispersion model parameters may be obtained as follows assuming all starting dispersions are similar.
Firstly, Q ∞
, Q 1 (0) and η 1 (0) parameters are taken from the data as shown in Eqs. (10)- (12) . Secondly, the functions cos ¼ À Á in Eq. (9) are approximately calculated using a fifth-order Taylor polynomial and these polynomials are introduced in Eq. (9) to obtain Eq. (17) . Thirdly, the α λ (0) parameter is calculated by solving Eqs. (13) to (19) . It should be said that using Eq. (13), taking γ (0) from the EIS experimental data, the roots of the polynomial, Eq. (17), are calculated and Eq. (18) is then applied in order to find the α (0) parameter. Finally, assuming that ω max (0) =ω m , Eq. (13), the parameter τ (0) is estimated by using previous results and Eq. (8), as shown in Eq. (20):
Objective functions
As indicated above, in this paper, two objective functions are evaluated, complex impedance, OF 1 , Eq. (23), and complex impedance plus loss tangent, OF 2 , Eq. (24):
Note that Eq. (23) is Eq. (3) with
given by Eq. (2). The parameter ς in Eq. (24), with values between zero and one, describes the proportion between loss tangent and complex impedance in the OF 2 . If ς =0, the fitting is similar to the Miranda-Lopez algorithm for the case of a single CC dispersion model [25] , with the difference being in the calculation of the initial approximation, and representative data (all impedance spectra) is necessary. If ς =1, the loss tangent is successfully fitted, but the parameters Q ∞ and ΔQ λ may be erroneous. The selection of parameter ς depends upon the spectral data available. If the spectral range is low (when low-and/or high-frequency stabilisation is not available), then it is better to choose the numerical value of parameter ς as being close to 1, e.g. ς =0.95, but when a representative experiment for all spectra is available, the better choice is the parameter ς close to zero, e.g. ς =0.1.
Numerical simulation
To test the influence of noise data on the accuracy of the LM and GA to fit EIS data to the two time-constant CC dispersion model, the following set of EIS data was simulated applying systematic additive random noise, with an intensity of up to 2,000 ppm, to the impedance data. In this example, illustrative values for the CC dispersion model parameters are assumed as Q ∞ =100 Ω, τ 1 = 0.5 s, ΔQ 1 =50 kΩ, α 1 =0.1, τ 2 =10 s, ΔQ 2 =100 kΩ and α 2 =0.1. Figure 1 shows the results of the numerical example using the proposed starting parameters and the optimisation implemented by GA, LM algorithm and Miranda-Lopez algorithm [25] , without additive noise. Table 1 includes the results obtained from the different fittings.
The Miranda-Lopez algorithm does not fit the data because this algorithm uses only one time-constant CC dispersion model. GA and LM optimisations have the same behaviour. However, LM is between 2 and 3 orders of magnitude faster than GA. The advantage of GA is that it does not require good starting parameters to converge, while LM does.
Although the objective function OF 2 was successfully used in this study, the calculation of any parameter from measured data can introduce numerical error originated by noise. In the simulated data shown in Table 1 , with three levels of simulated noise, the influence of noise can be appreciated at 1,000-ppm noise. The objective function OF 1 is slightly less influenced by noise than the objective function (loss tangent) OF 2 . However, the objective function OF 2 may be applied without any loss of information. In this paper, the loss tangent is used to fit the experimental data.
Bacteria consortia and culture media Two anaerobic bacteria consortia were prepared according to the National Association of Corrosion Engineers (NACE) Table 2 details the culture media used for the two bacteria consortia.
A device (Fig. 2) containing two electrical contacts of the American Iron and Steel Institute (AISI) and Society of Automotive Engineers (SAE) 1020 carbon steel was implemented (0.045 % C, 0.011 % P, 0.015 % S, 0.36 % Mn, 0.010 % Si and 99.56 % Fe) as bacteria support and measurement electrodes. The carbon steel electrodes were supported on a high-density polyethylene (ultra-high-molecular-weight polyethylene+ultra-violet, UHMWPE+UV) base and embedded in an epoxy resin. The device was exposed in the bottom of a glass reactor to which 500 mL of phenol red dextrose (PRD) broth and 1 mL of consortium previously prepared and stabilised for 18 h were added. The carbon steel electrode surface was polished using different grades of emery paper to facilitate bacteria fixation and electrical measurements.
Sterile medium
Before beginning the experiment, all the elements were sterilised in an autoclave at a temperature of 120°C and a pressure of 15 pounds per square inch absolute (psia). Nitrogen gas was injected to remove dissolved oxygen. The device (Fig. 2) was placed in the bottom of the anaerobic glass reactor 12 h after inoculation. EIS data was recorded using a Solartron 1280B portable unit, in FRA mode, in a frequency range from 20 kHz to 20 mHz, with a logarithmic sweeping frequency of five steps per decade. A sinusoidal signal of 20-mV rms amplitude was applied. During the experiments, the temperature was maintained at 28±1°C. EIS data was generated at the free corrosion potential (E corr ).
Inoculated medium
Anaerobic glass reactors were prepared using the step described above for the sterile medium. Twelve hours after preparation, the glass reactors were inoculated with the respective bacteria consortium, APB or SRB, which were prepared 8 days before in order to guarantee a stabilised consortium. One hour after the glass reactor was inoculated, EIS data was recorded for a period of 96 h for APB and 144 h for SRB, with the same configuration used in the sterile medium. The glass reactor was maintained at 28±1°C and atmospheric pressure.
Population trends
The population was estimated using the most probable number (MPN) standard method, according to the procedure described in NACE TM0194-2004 Standard [26] . Sessile bacteria counts were performed once a day for a period of 96 h for APB and 144 h for SRB by sampling the specimens installed in the bottom of the glass reactors. One specimen was withdrawn every day, and the sessile bacteria were removed using ultrasound. The bacteria were collected in a 10-mL test tube from which a sample was taken to carry out the MPN standard method.
Distribution of electrical potential and current density of the EIS test
The two-electrode flush probe was simulated in order to establish the distribution of electrical potential and current density around and near the electrode surface. The simulation was carried out using the alternating current (AC) conduction model of heterogeneous media, which is based on Gauss's Fig. 1 Fitting simulated data to the two time-constant Cole-Cole (CC) dispersion model using GA, LM algorithm and MirandaLopez algorithm [25] 
where ∇ is Laplace's operator, σ is the conductivity of carbon steel (5.55×10 9 μS cm
), ω is the angular frequency, ε is the permittivity of sodium chloride (NaCl, 80 F m −1 ) and UHMWPE (2.3 F m −1 ), and φ is the electrical potential [27] [28] [29] . The simulation was performed on MATLAB® (Matrix Laboratory) language. Figure 3 shows the implemented geometry. The electrolyte is the medium, 3 % NaCl, and UHMWPE is the dielectric material in which the electrode is sustained. The Dirichlet boundary conditions (B.C.) were used and defined as shown in Fig. 3 . As an example, Fig. 4 shows the electrical potential distribution. Attenuation of around 50 % below 1.5 mm upon the specimen surface can be observed in the electrical potential distribution. Similarly, the current density has an attenuation of 90 % below 0.5 mm upon the electrode surfaces. These values suggest that the area of highest electrical potential and current density is near the surface, where the biofilm will form. This simulation therefore suggests that the implemented EIS test is suitable to study MIC corrosion.
Results and discussion
An EIS test for each type of bacteria consortium was prepared to check the effect of bacteria on the carbon steel surface.
In order to discuss the physical meaning of the CC dispersion model, an EEC was analysed, constituted by a constant phase element (CPE 1 ) in parallel with a resistance (Q 1 ) (CPE 1 ||Q 1 ), in series with the bulk electrolyte resistance Fig . 2 Biofilm monitoring device, containing two electrical contacts of AISI SAE 1020 carbon steel supported on an ultra-high-molecular-weight polyethylene+ultraviolet (UHMWPE+UV) Fig. 3 Implemented geometry to simulate electrical potential and current density distribution. EO outer electrode, EI inner electrode, B.C. boundary conditions (Q s ) and in series with a second CPE 2 ||Q 2 ( Fig. 5) . At higher frequencies, the CPE element has zero impedance and the equivalent impedance is Q s which is equal to Q ∞ in Eq. (2).
Experiments with acid-producing bacteria
Bode plots for carbon steel exposed to an APB environment at different times are shown in Fig. 6 . At low frequencies, an increase in the impedance modulus, |Z|, can be observed. The maximum of the phase angle (θ =δ) increases with time and a shift is observed at high frequencies. Figure 7 shows the loss tangent versus frequency for carbon steel exposed to APB at different times. It can be observed that the loss tangent parameter shows a larger shift than the phase angle (θ) parameter (see Fig. 6 for comparison). Based on this behaviour, a new parameter (T λ ) related with the maximum in the loss tangent was defined, which is based on the multi time-constant CC dispersion parameters:
The impedance data was fitted to the two time-constant CC dispersion model using the proposed GA. Comparison of the complex non-linear RMSE fitting showed a lower value, by 1 order of magnitude, for the two time-constant CC dispersion model. This result suggests that the best description of experimental data is obtained by fitting the EIS data with the two time-constant CC dispersion model. Figure 8 shows the microbial population trend, log(MPN), versus time for the carbon steel surface using the MPN standard method. An exponential growth of sessile bacteria can be observed up to 48 h, after which the rate of increase falls to a maximum of 10 10 bacteria mL −1 for 96 h of experimentation.
The physical interpretation of the two (in general multi) time-constant CC dispersion model parameters may be as follows: In the MIC phenomenon, there are two types of cells, sessile and planktonic. Sessile cells are fixed to the carbon steel surface forming a biofilm, while planktonic cells are in the bulk of the medium [30] . In some cases, the growth of both types of cells may have a similar rate constant, but the growth rate constant of sessile bacteria is always low [31] . The parameter Q ∞ is related to the resistance at high frequencies. For a λ th process, the parameter ΔQ λ represents the charge transfer resistance, which may be associated with the corrosion process; the parameter τ λ is the relaxation time; and the dimensionless α λ represents the heterogeneity parameter, related to the dispersion time relaxation distribution [32, 33] .
The above discussion, along with the experimental impedance data, suggests an interpretation for the two time-constant CC dispersion model. Biofilm formation on the carbon steel surface by sessile cells may be related with the electrochemical double-layer (Y 1 parameter) and the charge transfer resistance (ΔQ 1 ) process, defining a time constant (τ 1 ), and creates roughness which affects the time relaxation distribution (α 1 ). The biofilm-bulk interaction, influenced by planktonic cells, determines the charge transfer resistance (ΔQ 2 ) between the biofilms, the bulk and the carbon steel. These interactions have their own relaxation time (τ 2 ) and relaxation distribution (α 2 ). The ΔQ 2 parameter may be related with the carbon steel corrosion rate (CR) as follows:
and
where W eq is the equivalent weight, ζ is the AISI SAE 1020 carbon steel electrode density, F is the Faraday constant (9.649×10 4 C mol −1 ) and β a and β c are the anodic and cathodic Tafel slopes, respectively [34] . ; AISI SAE 1020 carbon steel, 5,555.5; and ultra-high-molecular-weight polyethylene (UHMWPE), 1×10 −15 +j4.07×10 for 24 and 96 h of experimentation, respectively. The corrosion rate increases at the start of the experiment and subsequently decreases, probably associated to the formation of a uniform protective biofilm layer. Figure 9 shows the variation of ΔQ 2 versus time for AISI SAE 1020 carbon steel exposed to APB for up to 96 h of experimentation.
To establish the relationship between the ΔQ λ , τ λ and T λ parameters and the microbial population, all the parameters were normalised and were plotted in the same graph for the λ th timeconstant CC dispersion model. All the measures were converted to arbitrary units (a.u.). Figure 10 shows a comparison between impedance data and the microbial population trend. It should be noted that the CC dispersion model parameters for the λ =1 and λ =2 dispersions have different relations with the sessile bacteria population, and the parameters for λ =1 have a closer relationship to the population trend of sessile microorganisms, measured using the MPN standard method. These results may be a consequence of the fact that ΔQ λ , τ λ and T λ parameters for λ =1 are related with the biofilm formation behaviour and the influence of the steel/biofilm interface on the electrical properties. Fig. 6 Bode plots for AISI SAE 1020 carbon steel exposed to acid-producing bacteria (APB) at different experimentation times Fig. 7 Loss tangent, tan(δ), versus frequency for AISI SAE 1020 carbon steel exposed to acid-producing bacteria (APB) at different experimentation times The experimental data for SRB was digitally processed using the proposed GA procedure. In this way, the loss tangent shows two central dispersions related to the carbon steel/ biofilm/electrolyte interfaces for sterile and inoculated conditions.
To establish the relationship between the maximum value of the loss tangent parameter (W 1 ) and the microbial population trend, W 1 , was normalised and was plotted in the same graph for the λ th dispersion. All the measures were converted to a.u. Figure 11 shows a comparison between W 1 (EIS data) and the microbial population trend for the inoculated medium determined using the MPN standard method. It can be seen that W 1 shows a similar behaviour for inoculated conditions.
Conclusions
Impedance data was obtained using a AISI SAE 1020 carbon steel electrode exposed to an environment polluted with APB and SRB. The data was fitted to a two time-constant CC dispersion model using a GA. The bacteria population was also measured using the mean MPN standard method. A comparison was performed between the electrical impedance parameters obtained from the fitting and the bacteria population trend measured using the MPN standard method.
The results suggest a good agreement between the two (multi) time-constant CC dispersion model parameters and the sessile microorganism population. The parameters of this model describe the electrical behaviour and the corrosion mechanism on AISI SAE 1020 carbon steel exposed to sterile and inoculated media. Biofilm formation affects the electrical properties on the carbon steel surface, influencing the loss and storage of energy in the system. Two interfaces are present due to biofilm formation, one between the carbon steel and the biofilm and the other between the biofilm and the medium with planktonic bacteria. For SRB, biofilms act as a protective Fig. 9 Evolution of charge transfer resistance (ΔQ 2 ) with time for AISI SAE 1020 carbon steel exposed to acid-producing bacteria (APB) Fig. 10 Comparison between microbial population trend and impedance data for AISI SAE 1020 carbon steel exposed to acid-producing bacteria (APB), time constant (τ 1 or τ 2 ), charge transfer resistance (ΔQ 1 or ΔQ 2 ) and maximum of loss tangent (T 1 or T 2 ) Fig. 11 Comparison between the microbial trends determined using the most probable number (MPN) standard method and impedance data, using parameter W 1 , versus time for the inoculated medium and for AISI SAE 1020 carbon steel exposed to sulphate-reducing bacteria (SRB) layer in early stages, as is shown by an increase in the charge transfer resistance parameter ΔQ 2 . At this stage, when the carbon steel is not yet corroded, the loss tangent parameter (W 1 ) reports sessile bacterial growth. This fact suggests that W 1 can detect biofilms before irreversible damage occurs on the carbon steel surface. The early detection of biofilm formation may be the way to optimise biocide injection.
